Noncoding RNAs (ncRNAs) are transcripts that do not code for protein but rather function as RNA in catalytic, regulatory, or structural roles in the cell. ncRNAs are involved in universally conserved biological processes, including protein synthesis and gene regulation, and have more specific roles, such as in X-chromosome inactivation in eutherian mammals. In this paper, we propose and investigate a hypothesis for patterns of sequence selection in structurally conserved ncRNAs. Previous attempts at defining RNA selection compared rates of evolution between paired and unpaired bases with largely inconclusive results. Our approach focuses only on paired bases in ncRNAs with conserved structure. By analogy to the different properties of codon positions based on the genetic code, we use a well-developed energy model for RNA structure to classify stem positions into structural classes and argue that they are under different selective constraints. We validate the hypothesis on several RNA families and use simulated data to verify the evolutionary origin of signals. Our class labeling is shown to be a better model of ncRNA evolution than the tradition of treating stem positions equally. As well as providing a better understanding of RNA evolution, the evolutionary footprint we identify can easily be incorporated into gene finders to improve their specificity.
Introduction
For a long time, RNA was mainly thought of in terms of its role in protein translation, that is, as messenger RNA (mRNA), transfer RNA (tRNA), or ribosomal RNA (rRNA). In the last decade, a wealth of other RNA families, including micro-RNAs (miRNAs), small interfering RNAs, and the Piwi-interacting RNAs (Aravin et al. 2006; Girard et al. 2006 ) have been discovered. These, as well as tRNAs and rRNAs, are commonly referred to as noncoding RNAs (ncRNAs), functional RNA, or RNA genes. ncRNAs do not code for protein but rather function directly as RNA in catalytic, regulatory, or structural roles in the cell (Eddy 2001; Bompfünewerer et al. 2005; Mattick and Makunin 2005) . They are involved in a number of biological processes, including gene regulation (He and Hannon 2004) , maturation of mRNA, rRNA, and tRNA, and X-chromosome inactivation in eutherian mammals (Avner and Heard 2001) , and have been linked to several pathologies such as cancers (Hao et al. 1993; Lottin et al. 2002 Lottin et al. , 2005 and neurological diseases (Wevrick et al. 1994; Wevrick and Francke 1997; Chamberlain and Brannan 2001) .
In comparison with protein-coding genes, RNA genes are much less uniform. Protein-coding genes have a consistent set of signals, such as the start and stop codons, openreading frames, and splice sites, which can be successfully used for computational gene prediction (Burge and Karlin 1997; Claverie 1997; Krogh 2000; Reese et al. 2000) . In contrast, the genomic signals of RNA gene transcription are poorly understood (Schramm and Hernandez 2002) . This lack of statistical signals in ncRNA primary sequence is partly why many classes of ncRNAs went undetected for a long time (Moulton 2005) .
Most research has focused on the class of structurally conserved ncRNAs because RNA secondary structure conservation generally exhibits a strong evolutionary signal. In fact, most de novo RNA gene finders are secondary structure predictors that exploit comparative sequence information. One of the first RNA gene finding methods to be applied genome wide in yeast and bacteria was QRNA (Rivas and Eddy 2001) . From a pairwise alignment of homologous sequences, probabilistic models were used to classify alignments into protein coding, RNA coding, or noncoding according to the posterior probability of each class. More recently, two methods have been applied to RNA gene identification in large eukaryotic genomes, including human. RNAz (Washietl, Hofacker, Lukasser, et al. 2005; ) is a support vector machine that combines a conservation index with thermodynamic stability to classify an alignment into ncRNA or not, whereas Evofold (Pedersen et al. 2006 ) defines a prior distribution over RNA structures and classifies regions as ncRNA based on the extent to which the substitution pattern of each alignment column conforms with a conserved secondary structure. More specifically, RNAz discriminates using holistic features and does not, in detail, assess to what extent substructures, like individual base pairs, conform to evolution constrained by a conserved secondary structure. Evofold, on the other hand, models the evolution of each base pair and unpaired base but applies the same evolutionary model to all stem positions. A more detailed understanding of general evolutionary constraints could thus benefit both approaches, in particular, as they both suffer from an estimated high false-positive rate.
As more ncRNAs are discovered, it is increasingly apparent that only a small fraction of them are currently identified and have known function. Understanding and modeling the selection constraints acting on the different RNA families will assist RNA gene finding and function prediction methods, the identification of pseudogenes and active sites, as well as the prediction of RNA secondary structure. In this paper, we investigate the selection on sequence evolution caused by structural conservation, that is, we assume that the structure is fixed. This should not be confused with investithat mutations of a paired base needs to maintain compatibility and can thus be viewed as nonsynonymous, while there are no such restrictions on unpaired bases. However, maintaining a loop of unpaired bases can be as important for the structure as maintaining base pairs, and loop interactions with other molecules, for example, protein binding, is crucial to function. Loop positions in ncRNAs are not equivalent to synonymous positions in protein-coding genes as mutations will have a direct impact on the resulting functional molecule. This invalidates the assumption that loops evolve almost neutrally and stresses that base pairs and unpaired bases are in different selection realms rather than just under more and less selection. With this in mind, it is not clear if an ncRNA K a -/K s -like measure is at all possible. Consequently, it is not too surprising that this measure has had only limited success.
We propose a different and more robust approach that explores evolutionary patterns in the paired bases of ncRNAs with conserved structure. By analogy with the contrasting properties of different codon positions in protein-coding genes, we use a well-developed energy model for RNA structure (Tinoco et al. 1971 (Tinoco et al. , 1973 Mathews et al. 1999) to infer the effects on structure and stability of disrupting base pairs at different positions in a stem. We divide stem positions into structural classes and establish that they indeed have different selective constraints. We then validate the hypothesis on different ncRNA families and verify its evolutionary origin. We find that a classification method proves a better model of ncRNA evolution than treating all stem positions equally. Apart from providing a novel insight into the evolution of structurally conserved RNAs, the selective pattern we identify can easily be incorporated in RNA gene finding and comparative secondary structure prediction methods.
Materials and Methods

Sequence Data
We used alignments of orthologous RNAs from Homo sapiens, Mus musculus, Rattus norvegicus, Canis familiaris, and Gallus gallus, unless otherwise stated. Most data sets were selected to test the validity of the hypothesis across ncRNA families, though one data set of spliceosomal RNAs from a diverse set of eukaryotes was selected to test across organisms. The data sets ranged from highly curated alignment and structure of experimentally validated ncRNAs to computationally predicted ncRNAs and negative control data sets (cf., table 1). When a data set consisted of a number of alignments, these were concatenated to form the input of the analysis. Table 1 summarizes the data sets. More details can be found in the Supplementary Material online.
Structure Prediction and Alignment Algorithms
Where a commonstructure was not available (cf., table 1), we used a method that predicts structures for prealigned sequences using SCFGs and an evolutionary model (Pfold; Hein 1999, 2003) and two other methods as control: RNAalifold (Hofacker et al. 2002) , which also requires prealigned sequences but combines thermodynamic and phylogenetic information into an energy model to fold structures, and RNAcast & RNAforester (Höchsmann et al. 2004; Reeder and Giegerich 2005) , which reverses the process by aligning common secondary structures. A comparison of these three methods can be found in Gardner and Giegerich (2004) .
For the unaligned sequences (cf., table 1), we used two alignment algorithms, DiAlign (Morgenstern 1999) and ClustalW (Thompson et al. 1994) . We have selected ClustalW primarily not only for its large user base but also because it is not the best currently available sequence aligner, which allows us to robustly test our method. An outline of the strengths and weaknesses of these two methods can be found in Gardner et al. (2005) and Lunter et al. (2008) .
Evolutionary Analysis
We used the baseml program of PAML-4.b (Yang 2007) , which allows maximum likelihood analysis of nucleotide sequences and estimation of model parameters. PAML, although widely used, is not designed to model the base pairing in RNA structure.
To this end, we used PHASE-2.0 , which allows the labeling of RNA secondary structure into classes. PHASE is an RNA analog of PAML and performs a maximum likelihood estimation of phylogenies and model parameters, most notably the average rate of substitution, which we report as an indication of selection constraint. We used the most general reversible model both with PAML and for loop regions using PHASE. For stem regions analyzed with PHASE, we used the RNA7D model (Gowri-Shankar 2006) , which groups all noncanonical base pairs into a single mismatch class. This is not the most general base pair substitution model but offers a reasonable trade-off between generality and numbers of parameters suitable for the size of data sets used in this study.
Shuffling
To test the origin of the signal, we use shuffle-aln (Washietl and Hofacker 2004 ) that preserves local conservation and gap structure but not the dinucleotide frequency, to shuffle the small nucleolar RNA (snoRNA) data set. The resulting shuffled alignments are then folded using Pfold as before, and the whole process is repeated 100 times.
Bootstrap Analysis
For each of the rates presented in this paper, we performed a bootstrap analysis to compute the variability of rates as follows. For each data set analyzed, we constructed a new data set with the same size and number of base pairs in each class as the original, by sampling with replacement, and performed this 100 times. We then compute the sample standard deviation as s NÀ1 5 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
where N 5 100 is the sample size, x i is the average rate of substitutions for sample i, and x is the mean average rate of substitutions. With certain assumptions, 95% of samples should result in a rate within 2 Â s NÀ1 of the mean.
Hypothesis
The overall effect of disrupting a base pair can be divided into 1) an immediate effect on structure, causing small local changes, assuming that the global structure remains stable and 2) an effect on structure stability, which may invalidate this assumption, causing a partial or total structural rearrangement. Based on the nearest neighbor model of free energy (Tinoco et al. 1971 (Tinoco et al. , 1973 and associated parameters (Mathews et al. 1999 ) used for RNA secondary structure prediction, it is possible to make an assessment of the effect on stability of mutations disrupting base pairs. This model provides state-of-the-art single-sequence structure prediction (Gardner and Giegerich 2004) and will in general result in a very good estimate of differences in free energy for structures differing by only one or two base pairs when applied with the most recent parameters.
Consider a stem of contiguous stacking base pairs (cf., fig. 1 ) and how the effect depends on the proximity to the nearest stem terminus. First, breaking the terminal base pair of a stem will remove one base pair stacking in the nearest neighbor model energy summation and increase the size of the adjoining loop by two unpaired bases. As a rough estimate, these two effects will increase the free energy of the native structure by 2.3 kcal/mol. Assuming the distribution of free energies of competing structures is not affected by the mutation, this directly measures the loss of stability for the native structure.
If the base pair is not terminal, it will be part of two base pair stackings. Disruption of the base pair will thus remove two base pair stackings and introduce a small one-by-one interior loop (or mismatched pair) to the free energy in the nearest neighbor model. On average, this will increase the free energy by roughly 5 kcal/mol.
It is standard in RNA secondary structure prediction to avoid an isolated base pair, that is, one that is not stacking with other base pairs as it is usually unstable. Hence, when disrupting the penultimate base pair of a stem, the neighboring terminal base pair will also be disrupted. Therefore, two base pair stackings will be lost and the loop adjoining the disrupted base pairs will increase in size by four unpaired bases. This will result in a total destabilizing effect of roughly 4.5 kcal/mol (slightly less than the 5 kcal/mol estimated for general nonterminal base pairs-enlarging the adjoining loop is entropically preferable to introducing a one-by-one interior loop).
The destabilizing effect of disrupting base pairs thus increases with how deep the pair is buried in a stem with the greatest increase between disrupting a terminal and a penultimate base pair. If only stability is considered, one would expect terminal base pairs to be under least selective pressure and deeply buried base pairs to be under most selective pressure. However, if we quantify the structural effect of disrupting a base pair by the number of base pairs lost, disrupting penultimate pairs have the most significant effect with two base pairs lost. The overall effects are summarized in table 2 together with actual average losses in stability for the rRNA data set [using parameters downloaded from http://www.bioinfo.rpi.edu/zukerm/rna/ energy/, September 2007], ignoring neighboring unpaired base stackings-on average, the enlargement of adjoining loops have a slightly stabilizing effect in this data set, resulting in a lesser effect on stability of disrupting terminal and penultimate base pairs. These effects provide the motivation behind our proposed classification: class I consists of the terminal base pairs, class II consists of the penultimate base pairs, and class III consists of all other base pairs. These classes are illustrated in figure 1. Our hypothesis is that these three classes will be under different selective pressure with terminal base pairs being under weakest selection. The ranking of the overall effect between class II and class III base pairs is somewhat speculative as it FIG. 1.-A stem of seven contiguous base pairs annotated with the classes defined by thermodynamic and structural considerations. It is assumed that base pairs iÁj and i þ 6Áj À 6 are adjoining loops, that is, the bases i À 1 and j þ 1 do not form a base pair and bases i þ 7 and j À 7 do not form a base pair.
Structural Influences on Selection in RNA Genes 211 depends on the relative importance of the two effects we consider. We would expect the postulated ranking to be most clearly abided by for small molecules: A scarcity of alternative structures diminishes the effect of loss in stability, whereas the structural effect is enhanced as one base pair is a relatively larger fraction of the full structure.
To minimize noise from short stems, small loops, and gaps, we further curate the set of base pairs. We discard 1) base pairs in stems of at most four stacking base pairs, 2) class I and class II base pairs with an adjacent bulge or an adjacent internal loop of size at most four, 3) unpaired bases next to a base pair, 4) all base pairs where one or both positions contained gaps in the alignment, and 5) base pairs where the classification was not consistent across all sequences in the alignment. An example of how the classification and curation applies to a single miRNA molecule is available in figure 2 . A table summarizing the number of base pairs for each of the data sets after annotation and the Python script implementing the annotation are available on request.
Results and Discussion
Evidence of Selection Patterns in ncRNA Stems
We analyze the evolutionary pattern of a number of ncRNA families with distinct modes of function: 1) rRNA, where the accuracy level of activity and efficiency of protein synthesis is based on the presence of conserved stem and loop regions, 2) snoRNA, where the functionality is confined to the loop regions, with stems apparently only important for structure, 3) small nuclear RNA (snRNA), which have been linked to a number of autoimmune diseases Steitz 1979, 1981) and have been deemed the hardest to computationally identify the ncRNA families (Babak et al. 2007 ), 4) regulatory elements, which usually adopt a particular structure resulting in either enhancing or repressing transcription, 5) structural RNAs, which have structure as the most important factor driving selection, and finally 6) miRNA, families of which are highly conserved in sequence due to selection acting on the mature (functional) miRNA to maintain complementarity to many target genes. The inferred mutation rates for the three classes are illustrated in figure 3 , where all data sets have been analyzed with PAML using an independent nucleotide model. Those of sufficient size were also analyzed with PHASE using a base pair substitution model. Except for miRNA (which we discuss below), all the data sets exhibit the pattern predicted above. The significance is supported, both by nonoverlapping confidence intervals for the overall rates and by P values from v 2 tests of a three-class model (following our hypothesis) being a better model than the traditional one class model (see Supplementary Material online for details).
For miRNAs, class I and class II base pairs exhibit the expected relative behavior, but on average, class III base pairs are the most conserved. Contrary to all the other RNA families analyzed above, the miRNA precursor structures contain the functional miRNA in the core of their stem. An illustration of this is given in figure 2, which shows the secondary structure of the H. sapiens let-7a-1 precursor miRNA with the mature miRNA highlighted. After classification and curation as explained in the Methods section, 92% of the resulting class III base pairs overlap with the mature miRNA, compared with only 66% of the resulting class I and class II base pairs. The much stronger selection on preserving mature miRNA functionality results in the increase of conservation in class III base pairs. Our hypothesis assumes that the most influential selection factor is the RNA structure. This is likely not to be optimal for miRNAs with the much stronger selection on miRNA functionality acting predominantly in class III overshadowing the thermodynamic argument for structure stability. Therefore, it is not surprising that the hypothesized pattern cannot be observed in full for this family of ncRNAs.
Origin of Observed Substitution Pattern
So far, we have established that for ncRNA families where structure is the most important selection factor, our proposed evolutionary pattern is present. We have also provided evidence that a classification scheme of RNA stems based on the evolutionary pattern is a superior model than the tradition of no classification. However, the origin of this pattern remains unresolved. To establish whether the pattern is indeed an evolutionary footprint of structure FIG. 2.-The stem loop structure of the H. sapiens precursor miRNA let-7a-1 present in the data set. The mature (functional) miRNA is indicated with italicized, upper case nucleotides. The classification of all base pairs not discarded is indicated above the stem. Three class I and two class II base pairs are discarded due to proximity to a small loop or residing in a short stem. conservation, we investigate whether it is present for ncRNA data folded with alternative structure predictors and aligned with different alignment methods, in shuffled data, and in data believed not to contain ncRNAs.
Alternative Structure Prediction Methods
For ncRNA alignments with no available common structure (cf., table 1), we use Pfold Hein 1999, 2003) as a structure predictor. The effect of both an alternative alignment-first approach, RNAalifold (Hofacker et al. 2002) , and a structure-first approach implemented in RNAcast (Reeder and Giegerich 2005) and RNAforester (Höchsmann et al. 2004) were investigated on snoRNA and miRNA. The aim is to determine the extent of the conservation pattern observed varying with the structure prediction methodology. We have intentionally selected two methods that employ alternative approaches rather than any of the structure predictors that have similar biases to Pfold as identified in Babak et al. (2007) , to make the investigation as robust as possible. The patterns observed with Pfold are also present when using these alternative comparative secondary structure prediction methods (cf., fig. 4 and Supplementary Material online), ruling out artifacts from the specifics of the structure prediction method as the origin of the observed pattern.
Rates are given relative to the substitution rate of unpaired bases, which is fixed at one expected substitution per time unit. Because the loop regions posited by Pfold, RNAalifold, and RNAcast & RNAforester, respectively, will in general be different, the base pair substitution rates using different structure prediction methods are not directly comparable. By replacing the actual predicted loop regions with a fixed set of unpaired positions, we can obtain substitution rates that are directly comparable. We used the unpaired positions from the Pfold predictions as the fixed set of unpaired positions and merged them with the sets of base paired positions predicted by RNAalifold and RNAcast & RNAforester to create hybrid data sets with substitution rates that are directly comparable (see Supplementary Material online for details). This indicated a trend toward RNAcast & RNAforester resulting in the highest evolutionary rates and RNAalifold resulting in the lowest evolutionary rates with Pfold in between. One rationalization of this observation is that RNAforester focuses on structure conservation rather than homology in its alignment procedure, so only where structure conservation coincides with homology it is expected that aligned base pairs are related. RNAalifold, on the other hand, emphasizes thermodynamics and would be reluctant to call a base pair between a pair of positions that only base pair in some sequences. Base pairs only subject to weak base pairing selection, and thus likely to be more variable, would thus tend to be predicted as unpaired bases.
An important observation is that though the pattern of evolution appears robust under different structure prediction methods, the actual substitution rates relative to the loop substitution rate vary significantly. These are what have traditionally been used to measure selection in ncRNAs. Though it would probably be safe to compare loop versus stem evolution between two families, our results indicate that even qualitative statements based on this measure of loop versus stem rates within a family should be made with caution. FIG. 3. -Overall rates of substitution relative to loop regions for the three classes of base pairs for all the data sets analyzed. The rates were inferred using PHASE ) (left) and PAML (Yang 2007 ) (right). All plots have the predicted shape of a steep decline followed by a less pronounced incline, like a reversed (U), except for the miRNA data set, the shuffled data, and the negative control.
FIG. 4.-Overall rates of substitution relative to loop regions, inferred using PHASE , for snoRNA (left) and miRNA (right) using different combinations of alignment and secondary structure prediction methods. The original miRNA data set was aligned using ClustalW (C.W) (Thompson et al. 1994 ) and folded using Pfold Hein 1999, 2003) .
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Alternative Alignment Methods
We have tested our hypothesis on RNA families with an extensive variation of alignment accuracy from curated to prealigned computationally (see table 1). To investigate the exact effect of the alignment method, for both miRNA and snoRNA, we used two alternative alignment programs, ClustalW (Thompson et al. 1994) and DiAlign (Morgenstern 1999) . To allow direct comparison of rates, we also created hybrid data sets using the base paired positions from the DiAlign alignment and unpaired positions from the ClustalW alignment, similarly to the alternative structure prediction case. Again, the mutational pattern is robust regardless of the alignment method (cf., fig. 4 and Supplementary Material online).
Substitution Patterns in Shuffled Alignments
To test whether the pattern observed in real data is a biological phenomenon and a product of evolution and selection on secondary structure, we analyzed shuffled data folded with the same RNA structure predictor as before (Pfold). The predicted structure for shuffled alignments should bear little, if any, resemblance to the original consensus structure. The results indicate that the shuffled data do not show the predicted evolutionary pattern, confirming that the conservation pattern observed for real data is an effect of selection on secondary structure. In fact, the shuffled data have class II as the most variable class. This could be an artifact from the prior on secondary structures used by Pfold. A strong preference for stem elongation would lead to the inclusion of penultimate base pairs showing no evidence of conservation to adjoin an otherwise isolated wellconserved base pair with a nearby stem.
Substitution Patterns in Negative Control Data
We also investigate the presence or absence of the evolutionary pattern in predicted non-ncRNA data. The first goal is to ensure that the pattern is indeed a characteristic of ncRNA data only. The second is to learn the extent to which the substitution pattern can be used to differentiate between ncRNA and other DNA, with the eventual aim of incorporating the hypothesis in a gene finder. The substitution rates observed for the negative control data indicate that class II is the most variable class. This observed pattern is different to that predicted for ncRNAs and most resembles that of the shuffled data set. This and the above results confirm the conclusion that the hypothesized pattern of evolution is present in and unique to structurally conserved ncRNA families.
Evolutionary Analysis of ncRNA Predictions
To give additional support for incorporating the classification into a gene finder, the ''Y-shaped'' and ''hairpin'' ncRNAs predicted by Evofold (Pedersen et al. 2006) were analyzed in order of confidence of prediction. If the prediction confidences are negatively correlated with false-positive rates, we should observe a shift in the pattern of average substitution rates among the three classes from the one proposed to the one observed for the negative control data set. This is exactly what the results show (cf., fig. 5 ). The two groups with the highest prediction confidence score exhibit the proposed evolutionary pattern, with a diminished effect for hairpin ncRNAs predicted with medium confidence. As the prediction confidence decreases, there is a shift toward less conservation of class II, culminating in the pattern observed for the negative control. This could be an indication that a more conservative prediction threshold is needed, perhaps further dividing the lower predicted ncRNAs into those that show the evolutionary pattern and those that do not. It should be noted that for hairpin ncRNAs, only class II base pairs show a general trend of decreasing conservation with decreasing prediction confidence, whereas class I and class III base pairs show increasing conservation with decreasing prediction confidence.
Conclusion
In this paper, we have proposed a novel hypothesis about the effect of structural conservation on the evolution of ncRNA-coding DNA. The hypothesis was tested on a collection of ncRNA families, with remarkably consistent results. Only miRNA data sets deviated from the proposed pattern of evolution, which is simply explained by the very strong evolutionary constraint of maintaining functionality of the mature miRNA. This also indicates the use of the hypothesis as a tool to identify functional parts of ncRNA molecules, by detecting deviations from the pattern. However, it should be remembered that the proposed pattern (Pedersen et al. 2006) , grouped according to their prediction confidence score. Dashed lines extrapolate to the rates of the negative control data set that was taken from the same study.
cannot be seen as an RNA equivalent of the protein K a /K s measure of strength of selection. None of the classes of nucleotides identified in our hypothesis can be assumed to be under little or no selection, leaving no obvious way to transform variations in substitution rates into a measure of strength of selection.
As well as being widely applicable across most ncRNA families tested, the validity of the hypothesis does not appear to be species specific either. Though most of the data sets used in our analysis were restricted to vertebrate ncRNAs, there was no apparent difference in the results obtained on spliceosomal RNAs spanning the eukaryotes. As our hypothesis is based on thermodynamics and RNA structure rather than any biological mechanism, this is hardly surprising. Only where ncRNA origin invalidates the assumption that structure conservation is the predominant force for selection would we expect this to have any effect. However, with the evolutionary pattern we have identified being so tied in with structure, it will only be valid for data sets with a high degree of structure conservation. For data sets with a significant amount of structure rearrangement or even where the overall structure is unchanged but where structure and homology alignments do not coincide, we should expect not to recover the proposed pattern. This also means that for very divergent sequences, an automatically generated alignment will probably be insufficient, and manually curated alignments will have to be developed.
However, the hypothesis did prove very robust across variations in structure prediction and alignment methods and even to using an independent nucleotide rather than base pair evolutionary model. This is encouraging as the absolute substitutionratesmeasuredrelativetoloopregionsprovedsensitive to the choice of method. This measure has previously beenusedasameasureofselectiononsequenceforstructurally conserved ncRNAs but can according to our results at best give a qualitative means for between-family comparison.
Probably, the most promising results were obtained when correlating the confidence of prediction with our hypothesis for the predictions from a recent computational screen for ncRNAs in the human genome. The data show a shift from the hypothesized pattern for confidently predicted ncRNAs to the pattern observed for the negative control data set and shuffled data for weakly predicted ncRNAs. This reinforces the estimated relatively high false-positive rate of the scan, at least for the weakly predicted ncRNAs, but at the same time is strongly indicative of the benefits of amending predictions based on the hypothesis proposed in this paper.
Based on current knowledge, de novo ncRNA gene finding is likely to progress in small steps rather than giant leaps in the future, by incorporating new insights into the structure and evolution of ncRNAs to improve sensitivity and in particular specificity. Apart from the pattern proposed in this paper, other examples could be cotranscriptional folding (Meyer and Miklós 2004) and isostericity of noncanonical base pair interactions (Leontis and Westhof 2002) . Our hypothesis is particularly easy to incorporate in ncRNA gene finders that explicitly model base pair and single-nucleotide evolution, for example, Evofold (Pedersen et al. 2006) . The extension of the base pair evolutionary model to include base pair classes and adding priors on overall substitution rates reflecting our hypothesis is theoretically straightforward. For classifiers based on features of the entire sequences, like RNAz (Washietl, Hofacker, Lukasser, et al. 2005; , it is less obvious how to incorporate our hypothesis, but a simple approach would be to simply add estimated substitution rates for the three base pair classes as extra dimensions in the classifier.
